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Abstract
Reducing youth tobacco use is critical for improving child
health since tobacco use is associated with respiratory prob-
lems, and nicotine may interfere with healthy brain develop-
ment. While tobacco regulation has contributed to declines
in cigarette use among youth, these declines have occurred
more quickly for youth of high socioeconomic status (SES)
compared to youth of low SES. A major barrier to smoking
cessation for adolescents of low SES is coordination of ac-
cess and transportation to in-person treatment sessions. Low-
SES youth may have family obligations that limit their abil-
ity to access in-person treatment. At the same time, mobile
use among adolescents is high: 85% have smartphones. Ad-
ditionally, adolescents engage in texting at high rates, sug-
gesting that they are well-suited for mobile instant messag-
ing interventions. Mobile interventions have shown promise
for youth, but their use remains low. Thus, more research is
needed to develop effective and engaging mobile interven-
tions to increase quit rates. In this paper, we provide a brief
review of approaches to adolescent smoking cessation and de-
scribe the promise of chatbots for smoking cessation.
Introduction
Adolescent smoking is a significant public health concern,
especially among individuals of low socioeconomic status
(SES). Smoking is a leading cause of preventable morbidity
and mortality (CDC 2011), with low SES being associated
with disproportionate experience of morbidity and mortality
from smoking-related disease (Bachman et al. 2011). The
fact that 90% of adult smokers start in adolescence is a con-
cern. Although there has been substantial research examin-
ing the association between SES and adult tobacco use, there
is still much to be explored among adolescents, especially
regarding treatment. Although youth smoking rates are de-
clining, nearly 10% of high-school-aged youth have smoked
cigarettes (Singh 2016). Youth smoking is of concern be-
cause early nicotine exposure may interfere with healthy
brain development (HHS 2012). Moreover, while tobacco
regulation has contributed to declines in cigarette use among
youth, these declines have occurred more quickly for high-
SES adolescents than low-SES youth (Bachman et al. 2011;
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Johnston et al. 2015). Pilot data we collected in Connecticut
shows that lower SES was associated with increased odds
of cigarette smoking when controlling for race, age, and
gender (OR 1.8; 95% CI 1.3, 2.3) (Simon et al. 2015). En-
couragingly, more than half of adolescent and young adult
smokers have intentions to quit (Tworek et al. 2014). Unfor-
tunately, only 4-6% of unassisted quit attempts are success-
ful (CDC 2006), pointing to the need for professionally de-
veloped support methods for smoking cessation.
Smoking cessation interventions that include motiva-
tional interviewing (MI) and cognitive behavioral ther-
apy (CBT) elements may be efficacious (Joffe et al. 2009;
Peterson et al. 2009). In our review of smoking cessation
programs for adolescents, we observed the highest self-
reported rate of abstinence (47.5%) for a program that in-
cluded MI and CBT (Peterson et al. 2009). However, these
treatments and interventions are not always accessible to
adolescents of low SES, who may have family obligations
(e.g., babysitting or employment to contribute to the house-
hold) that limit their ability to access in-person treatment.
Meanwhile, mobile use among adolescents is high:
85% have smartphones (Smith and Page 2015). Addition-
ally, 47% of youth send more than 50 texts per day,
suggesting that they are well-suited for mobile instant
messaging interventions (Lenhart et al. 2010). Mobile plat-
forms (i.e., phones and tablets) have the potential to
deliver scalable, effective, accessible interventions, with
high fidelity at a low cost for adolescents of low SES.
While mobile smoking cessation interventions have shown
promise for youth (Kong et al. 2017), adoption remains
low (McClure et al. 2017). Nearly 50% of treatment-seeking
adolescent smokers are interested in mobile smoking cessa-
tion programs, and only a third have used their mobile device
or the internet for smoking cessation (McClure et al. 2017).
Mobile interventions that can simulate human conversation,
such as chatbots, may attract more youth to pursue smoking
cessation.
Chatbots for Smoking Cessation
Conversational agents capitalize on recent advances in ar-
tificial intelligence to extend our ability to provide more
human-like mobile interventions. Conversational agents
may be deployed in a variety of formats. They may be em-
bodied (i.e., having a 2-D or 3-D human-like physical rep-
resentation) or non-embodied (i.e., using text only). Con-
versational agents may also vary in the type of user input
they support, processing speech, text, and nonverbal behav-
iors. Given adolescents’ frequent use of texting platforms,
we argue that a text-based chatbot is a suitable tool for long-
term mobile intervention. One classic example is Woebot, a
chatbot developed to promote mental health (Molteni 2018).
Woebot debuted as the first non-embodied chatbot to pro-
vide CBT for anxiety and depression. Users can initiate con-
versations with the chatbot, as they would with a friend on
Facebook messenger. Woebot also checks in with users pe-
riodically during the day to ask about their mood and sug-
gest coping strategies. Preliminary findings show signifi-
cant reductions in depression among young adults after two
weeks (Fitzpatrick, Darcy, and Vierhile 2017).
Despite recent advances in technology, most existing text
interventions for adolescent smoking cessation are not con-
versational. For example, the National Cancer Institute’s
SmokefreeTxt for Teens1 is limited to keywords such as
“yes,” “no,” “quit,” or “crave.” One example of a conversa-
tional text-based intervention designed for adults is Bella 2.
Bella is an AI-powered chatbot for smoking cessation, de-
veloped primarily based on expert guidance, and was re-
leased in January 2018 in the UK. Bella is advertised as
a “coach,” and the developers did not specify a theoret-
ical orientation such as CBT. Data regarding efficacy for
Bella has yet to be published, and it does not appear to
be tailored to adolescents. We also surveyed the works that
were developed using the MI/CBT framework. Researchers
have been using natural language processing methods,
such as recursive neural networks (Tanana et al. 2015;
Xiao et al. 2016) or attention networks (Gibson et al. 2017),
to automatically code the transcriptions of motivational
interviews (Tanana et al. 2016). Tanana et al. developed
ClientBot, a patient-like conversational agent, to train ba-
sic counseling skills (Tanana et al. 2019). However, while
these prior works are inspiring, none of them created a
working chatbot that uses MI/CBT to promote smoking ces-
sation. More recently, Almusharraf created an FSM-based
chatbot that motivates people to quit smoking, following the
counseling style of MI (Almusharraf 2019). This work, even
though not accomplishing a full MI/CBT treatment, shed
light on how such automated chatbots can be employed to
help youth quit smoking.
What’s Next?
Existing AI solutions in the smoking cessation field over-
promise and underdeliver. Bella, the most advanced smok-
ing cessation chatbot on the market, gets stuck when users
input responses that are not prompted (Szalacsi 2019). For
example, after the initial goal-setting session with Bella,
if a user attempts to engage in general conversation with
1SmokefreeText for Teens: https://teen.smokefree.gov/become-
smokefree/smokefreeteen-signup
2Quit with Bella: https://www.solutions4health.co.uk/our-
services/quitwithbella/
Bella, it continually responds “I can’t wait for your quit
date,” which likely discourages engagement. A significant
innovation would be to really deliver a human-like chatbot
experience by taking advances from AI and bringing them
to the smoking cessation field. One potential direction is to
use transcripts from therapy sessions to develop a smoking
cessation chatbot for adolescents. A data-driven approach
would allow for anticipation of the types of conversations
that come up for adolescents during smoking cessation in-
terventions, which should promote engagement.
Needs for Longer-Term Smoking Cessation Support
While many studies have reported significant effects on
smoking cessation treatments relative to control conditions,
only one study reported significant intervention effects at
12-month follow-up (Minary et al. 2013). Based on the lim-
ited evidence for the durability of treatment effects, a recent
Cochrane review indicated that “there is limited evidence
that either behavioral support or smoking cessation medi-
cation increases the proportion of young people that stop
smoking in the long-term” (Fanshawe et al. 2017). Adoles-
cents may need smoking cessation support beyond the tra-
ditional three-to-four-month treatment model. While it may
not be feasible to provide ongoing, in-person support for
smoking cessation due to cost and the limited availability
of providers, chatbots may be easily scaled for extended use
to support long-term smoking cessation.
Role of Future Smoking Cessation Chatbots While
chatbots may simulate human interaction, it is unlikely that
they would replace mental health providers. Given the nov-
elty of using chatbots for smoking cessation, the optimal role
of chatbots in human mental healthcare provider work has
yet to be determined. Ideally, chatbots would systematically
deliver routine components of smoking cessation interven-
tions and thus allow more time for providers to help with
more complex aspects of smoking cessation. If developed as
FDA-approved digital therapeutics, smoking cessation chat-
bots might be prescribed by providers in a manner similar
to drugs, and providers might schedule follow-up appoint-
ments to review patient response to the treatment. Future
work should explore which approaches to integrating chat-
bots in clinical care are optimal for smoking cessation.
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